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Abstract

Forest fire is a serious natural disaster and our country is vast, so the forest area is vast, for the
prevention and monitoring of forest fire huge demand. Aiming at the problem of forest fire in Chi-
na, in order to expand the scope of forest fire monitoring and improve the response speed of for-
est fire identification, a scheme based on UAV image shooting and using convolutional neural
network to identify fire signals is designed. Compared with traditional manual monitoring, air-
craft patrol, satellite fire monitoring and other programs, the scheme has higher efficiency and
safety and lower cost.
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AR SR BE A TR AORRIAIE . B A EL & A4 H, BL CO, N E MR = A HE R RS B 1 )2 I E AL,
FERE T B MV IR b, AR B I SE N A R [1] - o B BURT 72 JHE AR 0 15 b 52t ARk R e H b 3]
2030 4, 1 ARAAAE E B L 2005 E10 60 x 108 m®” [2], TNt ECE RO K R H bR, BRI
P IAERAECEE, T Im g R BRI S BRI R R AR LR AR W E 3], Hil
X ASNE S BB E 5 ML T BRI R 5 5 VG A o Lk [4], BRI R B 4 AT 25 1 K
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T, T AN S5 61K o2 A% B I 25 F T AR AR o< R S MBI 7, 368 3 7 P DX A 15 T 482 S i T 24 S TR R
TR KGR 2 A, AR T3 (0 Aob T A e DA 26 W0 o AR T 25 [ 7] B8 HE 3T Ao 28 0 5% 114 Pk A
FRBIEAR, NPT KRGS, RBEEEIR, BAARAEEETR, R e S
A ARAZ T I T B F AR X TG S HE o VB A SR [B] 42 HH 2 T 45 U 28 X 2486 1R 5l R L1 B K R G
it BRI T AN EUE R ARG A W 2% G RON S, SR T 2 e R AP T BUG S
FET, %07 G AT M B /N s R IX, SR T TR R PR AR DX xfe DA AR 380 4 TR A 00 o e T K o
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N T R BN KL AR A i FLAR R AR BOR IR, 7B R AR ZE S L T AR L4
BB ©AT e A PREIR IR B T RO B s A RA i, AR ANE T R B AR AR 7 K R BIIR [9]
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BREBREG . BT RN PR A Wit s, KHIRE I3 BUR KR4 T, AI7E (L XK [a]
ICAAFE[11] e EHRIRAIHARAE KOG R OB T 8P st H P A AR 48 N 4 S mT LLd il K
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Figure 1. Early warning system process
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AR G M T AHLE A ] 2 2 DL e B TE ABUAIE € BB AN T e BT AHURA R ST
HEFRE R, EEDYEIRE ) 2 3 808 fa Vi BN L, ANE A R T AR ORI, B 2(a) K aE s
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Figure 2. Example diagram of UAV
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Table 1. All kinds of transmission technical indicators

F 1 BEEMBIAIERR

EfEEA L3 ez ik At 3E/ms Bz BE B /km HTReES
OFDM XX [A] 1200 2~5 g5
COFDM XL [7] 2000 5~8 i
WiFi R[] 10~40 0.2~1 g5
Lightbridge Ha] 100~200 3.5~5 B

OFDM Fl COFDM A5 & B = AL 4E 25, SR 177 OFDM X FH 07 e 7 a8k e (i B2 BURS, LT HLRE 12,
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MRIX SRR =R, TR s T AR A T nT SE 0 UG, o ALK FH KRS8 Lightbridge 2 =i B,
Pt 1] 3 fis

Figure 3. Picture transmission module
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Figure 4. UAV route planning
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Figure 5. Basic model of convolutional neural network
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Figure 6. Training data set
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Figure 7. Network layer structure
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Figure 8. Variation of accuracy
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Figure 9. Variation of loss value
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Table 2. The performance of the model test set (Unit: %)
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Hik FNR FPR Accuracy
A A 1.35 2.55 98.37
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Figure 10. ldentification diagram of each test scenario
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Figure 11. Convolution layer feature visualization
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